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Air pollution is associated with human diseases and has been found to be related to prema-
ture mortality1, 2. In response, environmental policies have been adopted in many countries,
to decrease anthropogenic air pollution for the improvement of long-term air quality, since
most air pollutant sources are anthropogenic. However, air pollution fluctuations have been
found to strongly depend on the weather dynamics3, 4. This raises a fundamental question:
What are the significant atmospheric processes that affect the local daily variability of air
pollution? For this purpose, we develop here a multi-layered network analysis to detect the
interlinks between the geopotential height of the upper air (∼ 5 km) and surface air pollution
in both China and the USA. We find that Rossby waves significantly affect air pollution fluc-
tuations through the development of cyclone and anticyclone systems, and further affect the
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local stability of the air and the winds. The significant impacts of Rossby waves on air pol-
lution are found to underlie most of the daily fluctuations in air pollution. Thus, the impact
of Rossby waves on human life is greater than previously assumed5. The rapid warming of
the Arctic could slow down Rossby waves6, thus increasing human health risks. Our method
can help to determine the risk assessment of such extreme events and can improve potential
predictability.
During the last two decades, complex network approaches have been applied to a wide range
of disciplines for studying complex systems7–9. Network approaches have been found useful for
detecting and better understanding the statistical and dynamical features of complex systems10. In
climate networks, geographical locations or observation sites can be regarded as nodes, and their
interactions can be quantified as links. The strength of the links is determined by the level of sim-
ilarity between climate variables (such as temperature, pressure and precipitation) determined, for
example, by cross-correlations. Climate network techniques have been successfully applied to im-
prove our understanding of climate phenomena such as the El Nin˜o/Southern Oscillation (ENSO),
the North Atlantic Oscillation (NAO) and Rossby waves11–14. Climate networks have also been
used to forecast extreme climate events15, 16. Furthermore, network approaches can provide a new
way to detect and evaluate the impacts of past and future climate change17. A global rainfall tele-
connection pattern related to upper-level Rossby waves has been recently revealed using complex
network analysis5.
Outdoor air pollution plays an important role in widespread environmental and health prob-
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lems. Life expectancy is closely related to air quality1. Fine particulate matter, PM2.5, of an
aerodynamic diameter of 2.5 µm or less, is a very harmful air pollutant to human health and has
been associated with lung cancer and heart diseases18. It is responsible for most of the global
mortality caused by outdoor air pollution19. This is especially significant in developing countries
due to their rapid economic development and the corresponding rapid increase in anthropogenic
greenhouse gas emissions. In recent years, China has experienced increasingly frequent and per-
sistent haze events caused by high PM2.5 concentrations20. Millions of premature deaths have been
associated with outdoor air pollution in China. Even in a developed country like the USA, there
are still thousands of premature deaths every year due to outdoor air pollution2. Air pollution can
also potentially affect climate systems21. The major sources of particulate matter pollution are
both anthropogenic and natural, including traffic emissions, industrial production, biomass burn-
ing, agricultural activities and dust20.
Atmospheric circulations can cause particulate matter to be transported thousands of kilometers22.
Goods and services produced in one region for consumption in another (inter-regional trade) can
also substantially contribute to the local particulate matter concentration23. Quantifying the con-
tributions from the various sources has become a central issue in air pollution studies24. However,
the variability of particulate matter pollution does not only depend on the sources. Previous studies
suggested that air pollution variability strongly depends on meteorological conditions3, 4. Extreme
air pollution events are usually associated with weak surface wind, a shallow boundary layer, tem-
perature inversion and more. Such weather conditions could be linked to a common atmospheric
mechanism in the upper air. For example, it was suggested that most hazy days in the North China
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Plain are associated with a local anticyclone in the mid-troposphere25. Thus, it is important to
identify and quantify the connections between air pollution and the atmospheric dynamics of the
mid and upper air levels.
Here, we perform a multi-layer and multi-variable network analysis and identify the inter-
links between the 500 hPa geopotential height and surface air pollution; this is aimed at quanti-
fying the influence of the upper air dynamics on the temporal variability of surface air pollution.
We mainly consider the PM2.5 concentrations in three regions: China, and the western and east-
ern USA. The detrended daily observation grids of PM2.5 and the geopotential heights are used
to construct networks (Methods). We identify two multi-layered networks, one with dominant
anti-correlated interlinks (between geopotential heights and pollution) and one with positively cor-
related interlinks, corresponding to negative and positive weights, respectively (Methods). Upper
air critical regions are quantified by measuring the out-degree of each upper air node associated
with the total weights of the significant outgoing interlinks to the ground nodes of pollution. Fur-
thermore, affected regions on the ground are quantified by the in-degree of each ground node
associated with the total weights of the significant incoming interlinks from the upper air nodes.
Figure 1a-c presents the strongest 10% out-degree nodes of the positively correlated and
negatively correlated multi-layered networks composed of the 500 hPa geopotential height and the
surface air PM2.5 concentration. The interlinks direction is toward the air pollution nodes at the
surface. The weights of the interlinks are obtained from the cross-correlation functions (shown
in Fig. 1d-k). The blue triangles at 500 hPa reveal strong anti-correlations with the air pollu-
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Figure 1: (a-c) The multi-layered maps. Blue triangles represent the strongest 10% negative (neg-
atively correlated) out-degree nodes (outgoing from the upper level nodes), and red triangles are
the strongest 10% positive out-degree nodes in the upper air. The interlinks (blue and red arrows)
are between the 500 hPa geopotential height and the surface PM2.5 concentration (green points).
To avoid overlapping, all red triangles are moved 15◦ to the north. The lower six panels depict
the cross-correlation functions of the negative and positive networks’ interlinks (different inter-
links with different colors) for (d), (g) China, (e), (h) the western, and (f), (k) the eastern USA,
respectively.
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tion nodes. Significant negative peaks are observed for all three regions (Fig. 1d-f). Most of the
negative peaks are found for time lags of −1 or −2 days, indicating that changes of the 500 hPa
geopotential height occur one or two days before the correspondingly opposite changes in the sur-
face PM2.5 concentration. In contrast, the interlinks of the positive multi-layered network between
the 500 hPa geopotential height and the surface air PM2.5 concentration indicate that the correla-
tion functions have strong positive peaks with a −1 day time delay (Fig. 1g-k), meaning that a
high geopotential height is observed ∼1 day before a high level of surface PM2.5 concentration. In
the western and eastern USA, the above interlinks are connected to most of the ground nodes. In
China, the interlinks are mainly connected to northeastern China, a region that has been severely
and frequently exposed to PM2.5 pollution in recent years20. Our results indicate that these loca-
tions are most influenced by the upper air. We obtain similar results for the PM10 concentration
(Supplementary Fig. 1).
Figure 2a-c shows the probability distribution function (PDF) of the time lag of the interlinks
for China, and the western and eastern USA, respectively. For China (Fig. 2a), the maximum
probability of the time lag is at −2 days for the negative correlations. All other distributions show
the maximum values at −1 days. The PDFs in Fig. 2a-c, show a decay to zero after approximately
4 days, indicating that the maximal influence time of the geopotential height on the PM2.5 level
is four days in China and about three days in the USA. This difference could be associated to
the faster jet stream in the USA. We also calculate the PDF of the geographical lengths of the
interlinks (shown in Fig. 2d-f). Two peaks are found around 1,000 km and 3,000 km for the positive
and negative interlinks, respectively. Based on refs.14, 26, we suggest that the distributions of the
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Figure 2: Interlinks statistics: (a), (b), (c) PDF of the time lag τ ∗ < 0 of the interlinks, and (d), (e),
(f) PDF of the geographical length of the interlinks for China, and the western and eastern USA,
respectively.
distances are related to atmospheric Rossby waves whose wavelengths vary from around 5,000 km
to 7,000 km. The longer distances of the negative interlinks (∼3000km) seem to correspond to
half a wavelength of the Rossby wave. The peak in the short distances of the positive interlinks
(∼1,000 km) could be associated with a typical cyclonic scale within the Rossby wave pattern.
To further support the association of the observed network pattern with Rossby waves, we
compare the location of out-degree nodes with the contours of the geopotential height at 500 hPa
whose meandering shapes can generally describe the amplitude and phase of a Rossby wave (i.e.,
corresponding to a ridge or trough27). We consider the mean geopotential height of two extreme
cases of days that are one day before extremely low (the lowest 10% of days in each month) and
extremely high (the top 10% of days in each month) PM2.5 concentration days over northeastern
China, and the western and eastern USA. Figure 3a-c shows the contours of the mean geopotential
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Figure 3: Maps of the 500 hPa geopotential height: Distributions of (a-c) negative and (d-f) positive
out-degrees in the upper air for China, and the western and eastern USA. Pink contours depict
the mean geopotential height of two extreme cases of days with (a-c) extremely low and (d-f)
extremely high PM2.5 concentrations. The values of the contours increase from north to south
within a range of 5300 to 5700 m. Grey circles show the locations of the surface PM2.5 nodes.
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height for the extremely low air pollution cases, and Figure 3d-f shows the extremely high air
pollution cases in the above three regimes. The localized nodes of the strongest negative out-degree
links (over China) are found to be in Russia (Fig. 3a). Interestingly, in the same region, the contours
of geopotential height form a ridge for the low air pollution days. A trough is also found for the
low air pollution days in the east, associated with the red positive nodes of out-degrees, shown in
Figure 3d. During the high air pollution days, the contours show a small ridge in the vicinity of the
red positive cluster (Fig. 3d), and the ridge in Russia disappears. The USA networks exhibit similar
results. Yet, the air pollution over the western and eastern USA is affected by different (upper air)
ridges and troughs (Figs. 3b, c, e and f), leading to the different daily variations of air pollution
in the western and the eastern USA3. The out-degrees of the networks are generally in accordance
with the ridges and troughs (associated with Rossby waves), suggesting that these are important
regions in the upper air that influence the surface air pollution. Note that we obtained similar
patterns when using the geopotential heights of 300 hPa and 700 hPa (Supplementary Figs. 4 and
6), indicating that the above mentioned patterns are robust and related to large-scale atmospheric
circulation. The in-degree patterns are also shown (in Supplementary Figs. 3, 5 and 7).
Next, we propose a mechanism for the impact of Rossby waves on surface air pollution.
Two extreme phases are considered here and depicted schematically in Figure 4. The blue and
red colors represent the negative and positive out-degree clusters, respectively. The negative ones
are usually located to the west of the air pollution nodes. This can be understood by the high
geopotential height that precedes the low pollution events and since the winds blow from west to
east in jet streams. The flow often meanders to the north and south to form ridges and troughs
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Figure 4: Schematic representation of the atmospheric mechanism caused by Rossby waves. (a)
and (b) correspond to low and high air pollution conditions respectively. See the text for further
details.
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caused by Rossby waves. For the phase of the Rossby wave depicted in Figure 4a, an anticyclone
emerges on the (left) ridge, leading to downwelling, while, at the same time, a cyclone develops
on the (right) trough near the pollution areas, leading to upwelling. In addition, a high pressure
system develops at the surface, to the west of the air pollution nodes (Supplementary Fig. 8).
The downwelling air to the west of the pollution nodes and the upwelling air in the vicinity of
the pollution nodes intensify the westerly winds, which effectively disperse the air pollutants.
Moreover, the cyclone (and its upwelling air) near the pollution nodes carries pollutants to the
upper air, decreasing surface pollutants. For the opposite phase of the Rossby wave depicted
in Figure 4b, the anticyclone and the cyclone switch their locations. Downwelling changes to
upwelling in the west, which diverts part of the surface westerly wind upward, hence weakening
the surface winds (Supplementary Fig. 8). In the vicinity of the pollution location, the (eastern)
anticyclone causes the upper air to downwell. As a result, a temperature inversion layer forms,
and the boundary layer is low, leading to a stable air column that traps the pollutants close to the
surface, hence leading to severe pollution. Thus, the upper air out-degree field of the multi-layered
network provides important information regarding the daily variability of surface air pollution.
Potentially, the time delay of the links and their strength may also be useful as a predictive tool.
We next test the monthly effects on the interactions between the geopotential heights and the
air pollution. We denote the daily averaged negative and positive geopotential heights (discussed
above) as NH and PH, respectively, in the upper air nodes (the blue and red triangles shown in
Figure 1). We also denote the difference between the geopotential height as DH = PH − NH
in order to test the potential predictive power when considering both the negative and positive
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Figure 5: (Color online) Pearson correlation coefficient R between the geopotential heights DH ,
PH , NH and the daily averaged PM2.5 concentration with a one-day delay over (a) northeastern
China, (b) the western USA and (c) the eastern USA , for different months in the year. The R value
of NH is multiplied by −1. The standard error bar is given by
√
1−R2
n−2 .
patterns. The specific scatter plots and the corresponding correlation curves of the daily averaged
PM2.5 concentration (with a one-day delay) versus DH are shown in Supplementary Figures 9-
11. Most of the months display good linear relations. Figure 5 shows their Pearson correlation
coefficient R. The R values of DH are almost always the highest, especially over northeastern
China where the R value is usually larger than 0.5. For several months, the R values of DH
over the western USA are similar to PH; this can be attributed to the weak anti-correlation and
predominant positive correlation patterns. We note that the R values during the summer (July and
August) are significantly lower than in other months for all regions. This is probably since the jet
stream and the winds are much weaker during the summer months, resulting in weaker interactions
between the upper air and ground pollution. In general, when considering both the negative and
positive patterns, taking the difference between them (DH) can provide a better predictive tool.
Indeed, most sources of air pollutants are anthropogenic. Yet, the variability of air pollution
12
strongly depends on atmospheric processes. Here, we have found that the response of the PM2.5
pollution to the geopotential height of 500 hPa is significant. We identify the corresponding upper
air regions using network analysis and quantify their influence; there are two localized areas (west-
ern and eastern) in both China and the USA. The western region is anti-correlated with the surface
air pollution nodes, while, in contrast, the eastern region (which is closer to the pollution region)
is positively correlated with the upper air pollution nodes. We suggest that the underlying mech-
anism is related to Rossby waves that are associated with meanders of the mid-latitude jet stream
and with ridges and troughs of the upper air geopotential height, leading to high (anticyclonic) and
low (cyclonic) pressure systems. Thus, the amplitudes and phases of Rossby waves substantially
affect air pollution on the ground. Furthermore, the difference of geopotential height between the
two regions has a potential predictive power.
Earlier studies28, 29 demonstrated the statistical connection between high-amplitude Rossby
waves and extreme weather events on the ground. These include heat and cold waves that occurred
in the Northern Hemisphere mid-latitudes during the past decade. Here, we show that pronounced
Rossby waves not only cause extreme weather events but also lead to stronger fluctuations of air
pollution. The two extreme phases of Rossby waves lead to low and high surface pollution. Since
the Arctic sea ice extent is rapidly declining, the warming in this region is occurring faster than
in the rest of the Northern Hemisphere, leading to a decreasing meridional temperature gradient
that could cause the jet stream and winds to weaken30. Therefore, a slower eastward propagation
of Rossby waves may develop6, which could be associated with more prolonged extreme weather
events and may lead in the future, as suggested by the present study, to more prolonged air pollution
13
events4.
The interlinks of the multi-layered network can be used to quantify the relationship between
the upper troposphere and the surface pollution. We find here indications that the amplitudes and
phases of Rossby waves influence the surface air pollution. Our study not only provides significant
spatial patterns at different levels but also shows time shifts between the levels that can help to
determine the risk assessment of extreme events in space and improve potential predictability. Our
method can also be used to study other interactions of weather patterns between the atmosphere
and the surface.
Methods
Data pre-processing The daily average surface mass concentrations of PM2.5 in 364 cities across
China from 2015 to 2017 are measured by the Chinese Ministry of Environmental Protection
(http://113.108.142.147:20035/emcpublish/). Most of the cities are in eastern China. The daily
mean surface PM2.5 concentrations measured in ∼1000 sites in the USA from 2013 to 2017 were
provided by the Environmental Protection Agency (EPA) Air Quality System (AQS) (https://
www.epa.gov/outdoor-air-quality-data/). Since the zonal extent of the USA is large enough, we
considered two regions: the western and eastern USA. The air pollution sites are evenly distributed,
and we interpolated the data onto 2.5◦ × 2.5◦ grids. The grid points that included more than 5%
missing values were omitted, resulting inNA = 95, 31 and 63 grid points for China, and the eastern
and western USA, respectively. The geopotential height data are from the global ERA-interim re-
analysis (2.5◦ × 2.5◦) of the European Center for Medium-Range Weather Forecasts (ECMWF)31.
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To filter out trivial seasonal effects, we first detrended the original data by subtracting the corre-
sponding centered 30-day “moving” means and then normalized by the standard deviation of these
30 days.
Network construction The detrended daily surface PM2.5 concentration of grid point i and the
geopotential height (500 hPa) of grid point j are represented by time series Ai(t) and Mj(t) during
a time period T . The fluctuation series are δAi(t) = Ai(t) − 〈Ai〉 and δMj(t) = Mj(t) − 〈Mj〉,
where 〈Ai〉 and 〈Mi〉 are temporal averages for the period T . The cross-correlation function be-
tween the two variables for grids i and j is defined as
CAi,Mj(τ) =
〈δAi(t− τ) · δMj(t)〉√〈
[δAi(t− τ)]2
〉 ·√〈[δMj(t)]2〉 , (1)
where the time lag τ is constrained to be within −τmax ≤ τ ≤ τmax where τmax = 90 days. We
identify the maximal absolute value of CAi,Mj(τ) and denote the corresponding time lag as τ
∗ (Fig.
1d-k). The direction of correlation (link) CAi,Mj(τ
∗) is from Ai to Mj when τ ∗ > 0 and from Mj
to Ai when τ ∗ < 0. The direction is undefined for τ ∗ = 0.
Based on ref.32, 33 we quantify the strength of the correlations using
WAi,Mj =
CAi,Mj(τ
∗)−mean(CAi,Mj(τ))
std(CAi,Mj(τ))
, (2)
where “mean” and “std” represent the mean and standard deviation of the cross-correlation func-
tion, respectively.
We choose a threshold of W to be ∆ = 4.5, for which the link strength is considered to
be significant; this is based on shuffled data significance tests. The weight W as a function of τ ∗
15
and distance r also supports the reliability of the threshold (Supplementary Fig. 2). Because the
negative and positive weights have different properties, we introduce two non-square matricesXp
andXn to describe the interlinks of the positively and negatively correlated multi-layer networks,
respectively. The element Xpi,j will equal one, if WAi,Mj > ∆ and τ ∗ < 0 otherwise Xpi,j is zero.
In the same way, the element Xni,j will equal one, if WAi,Mj 6 −∆ and τ ∗ < 0; otherwise Xni,j is
zero.
In our networks, the grid sites are regarded as nodes. Then, the negative and positive out-
degrees of node (grid) j for the geopotential height are calculated by
OnMj =
NA∑
i=1
Xni,jWAi,Mj ,
OpMj =
NA∑
i=1
Xpi,jWAi,Mj .
(3)
For the air pollution, we have negative and positive in-degrees of node (grid) i:
InAi =
NM∑
j=1
Xni,jWAi,Mj ,
IpAi =
NM∑
j=1
XpijWAi,Mj .
(4)
Obviously, the outgoing links of the geopotential height are the same as the incoming links
of the air pollution in a multi-layer network. In order to describe the significance of the nodes in
the two layers, the out- and in-degrees measure the number of strong outgoing and incoming links
from and to the geopotential height nodes and the air pollution nodes, respectively.
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